Background: Acute kidney injury (AKI) is a frequent complication of cardiac surgery. We sought prognostic combinations of postoperative biomarkers measured within 6 h of surgery, potentially in combination with cardiopulmonary bypass time (to account for the degree of insult to the kidney). We used data from a large cohort of patients and adapted methods for developing biomarker combinations to account for the multicenter design of the study. Methods: The primary endpoint was sustained mild AKI, defined as an increase of 50% or more in serum creatinine over preoperative levels lasting at least 2 days during the hospital stay. Severe AKI (secondary endpoint) was defined as a serum creatinine increase of 100% or more or dialysis during hospitalization. Data were from a cohort of 1219 adults undergoing cardiac surgery at 6 medical centers; among these, 117 developed sustained mild AKI and 60 developed severe AKI. We considered cardiopulmonary bypass time and 22 biomarkers as candidate predictors. We adapted Bayesian model averaging methods to develop center-adjusted combinations for sustained mild AKI by (1) maximizing the posterior model probability and (2) retaining predictors with posterior variable probabilities above 0.5. We used resampling-based methods to avoid optimistic bias in evaluating the biomarker combinations.
Background
Acute kidney injury (AKI) is a frequent complication of cardiac surgery (prevalence: 17-49%) and has serious implications for long-term health [1] . AKI is typically diagnosed on the basis of an increase in serum creatinine over preoperative levels, which often does not occur until several days after the initial injury. Identifying individuals at high risk for AKI immediately following surgery could lead to improved patient outcomes and the development of novel treatment strategies, and is cited as an important step in preventing AKI after cardiac surgery [1] .
One strategy for identifying individuals at high risk of AKI after cardiac surgery is to develop a multivariable prognostic model. With that overarching aim in mind, our goal was to identify combinations of variables with strong evidence of prognostic capacity. A first step in developing such combinations is selecting candidate predictors. In the setting of cardiac surgery, most clinical risk factors have modest associations with AKI [2] . One exception is cardiopulmonary bypass (CPB) time, which is strongly associated with AKI after cardiac surgery and has a clear biological relationship with the development of AKI [3, 4] . In addition to CPB time, several biomarkers of kidney injury, inflammation, and cardiac function have been shown to have strong associations with AKI [5] [6] [7] [8] . These biomarkers offer the potential to identify patients at high risk of AKI after cardiac surgery, and their application has been encouraged by several consensus conferences [9] .
Although CPB time and several biomarkers are strongly associated with risk of AKI, their individual prognostic capacity is modest [5, 6] . However, it may be possible to construct combinations of these variables with higher prognostic capacity. Pursuing such a combination is also biologically motivated since CPB time can be considered to be a measure of the degree of insult to the kidney while the postoperative biomarkers may reflect the response to this insult. Thus, we used Bayesian model averaging (BMA) methods to identify prognostic combinations of postoperative biomarkers ( Table 1) and CPB time in a large, multicenter cohort of cardiac surgery patients.
Methods

Study population
This is a secondary analysis of the Translational Research Investigating Biomarker Endpoints in AKI (TRIBE-AKI) study. This study enrolled adults undergoing coronary artery bypass graft (CABG) and/or valve surgery at six academic medical centers in North America between July 2007 and December 2009. Enrollment criteria included increased risk for AKI by any of the following criteria: emergency surgery, preoperative serum creatinine >2 mg/dL, ejection fraction <35% or grade 3 or 4 left ventricular dysfunction, age > 70 years, diabetes mellitus, concomitant CABG and valve surgery, or repeat revascularization surgery. In addition, individuals with evidence of AKI before surgery, prior kidney transplantation, preoperative serum Vascular endothelial growth factor [17] VEGF Plasma a Also considered the change from preoperative serum creatinine to 0-6 h postoperative and the average of preoperative and 0-6 h postoperative serum creatinine creatinine level > 4.5 mg/dL, or end-stage renal disease were excluded. All participants provided written informed consent and each institution's research ethics board approved the study.
Sample collection
Urine and EDTA plasma specimens were collected preoperatively and daily for up to five postoperative days. The first postoperative samples were collected soon after admission to the intensive care unit (0-6 h after surgery). The present investigation considers biomarkers measured at this time point. Fresh urine samples were obtained from the urimeter of the Foley catheter system and were centrifuged to remove cellular debris. Blood was collected in EDTA tubes and centrifuged to separate plasma. Urine supernatant and plasma were aliquoted into bar-coded cryovials and stored at −80°C until biomarker measurement. No additives or protease inhibitors were added. Additional details regarding sample collection and storage were provided in earlier reports [5] .
Biomarkers
We included 15 blood and 7 urine biomarkers in this study (Table 1) , including three variations of serum creatinine: first postoperative (measured 0-6 h after surgery), absolute difference between preoperative and first postoperative, and average of preoperative and first postoperative. Biomarker measurements were detailed in prior publications [5, 7, [10] [11] [12] [13] [14] [15] [16] [17] .
Outcome definitions
The primary outcome was sustained mild AKI, defined as an increase of 50% or more in serum creatinine over preoperative levels lasting at least 2 days during the hospital stay. We chose the sustained mild AKI definition to identify patients most likely to have true kidney injury and to limit misclassification of controls with isolated elevations in serum creatinine due to laboratory variation in creatinine assay, volume disturbances, or hemodynamic derangements [18] . We also considered severe AKI, defined as an increase in serum creatinine of 100% or more or dialysis during hospitalization, as a secondary outcome. Preoperative serum creatinine, collected within 2 months prior to surgery, served as baseline. Pre-and postoperative serum creatinine were measured by the same laboratory for each patient at all centers.
As a secondary analysis, we considered the outcomes of death from all causes at 1 year and 3 years after surgery, which were observed without censoring. We obtained vital status after discharge through various mechanisms. For participants living in the United States, we performed phone calls to patients' homes, searched the National Death Index, and reviewed hospital records. For Canadian participants, we used phone calls, as well as data held at the Institute for Clinical Evaluative Sciences (ICES) to acquire vital status. The death status and date of death were recorded. These datasets were linked using unique, encoded identifiers and analyzed at ICES.
Statistical methods
Primary analysis
We used BMA methods to identify combinations of biomarkers and CPB time. All biomarkers were logtransformed and CPB time was included as a linear term. Urine biomarkers were not normalized to urine creatinine, though urine creatinine was included as a candidate predictor.
BMA involves assigning each variable a prior probability of being useful for prediction; these prior variable probabilities induce a prior probability for each combination, where the combinations are defined by allowing CPB time and each biomarker to either be included or excluded. The method combines these prior probabilities and the data via Bayes' theorem to calculate a posterior probability for each combination ("posterior model probability") and a posterior probability for each variable ("posterior variable probability") [19] [20] [21] . The posterior model probability is a measure of the degree to which the model is supported by the data [22] . Similarly, the posterior variable probability reflects the support in the data for the variable as a predictor of the outcome [23] . The BMA framework can be used for variable selection on the basis of posterior model probabilities or posterior variable probabilities. The BMA approach considers all possible combinations and applies a "leaps and bounds" algorithm to identify the most promising combinations for further consideration; this process provides computational feasibility for searching the large space of candidate models (8, 388 ,608 candidate models given 23 candidate predictors) [19] .
In our implementation of BMA, we assigned each biomarker and CPB time a prior probability of ½, meaning that each predictor was a priori as likely to be in the model as not. It is possible to incorporate prior information into these probabilities, but we elected to treat all of the candidate predictors equally. These prior probabilities yield a prior probability for each combination of (0.5) 23 = 1.19 × 10 −7 , as there are 23 candidate variables. To account for possible center differences, we considered center-adjusted combinations by forcing center to be included in each combination evaluated by BMA. We pre-specified to select two combinations on the basis of the BMA analysis: (1) the maximum posterior model probability combination (the combination with the highest posterior model probability) and (2) the median probability combination (the combination consisting of all predictors with posterior variable probability exceeding 50%) [21] .
We applied BMA to our data to develop combinations for predicting sustained mild AKI. After identifying the maximum posterior model probability combination and the median probability combination, we fit a centeradjusted logistic regression to the biomarkers included in these combinations, with sustained mild AKI as the outcome. Using the estimates from these regressions, we estimated the center-adjusted and optimism-corrected area under the receiver operating characteristic curve (AUC) of each combination for sustained mild AKI and for our secondary outcome, severe AKI. First, we estimated the apparent center-adjusted AUC for each combination and each outcome [24] . Then, we estimated the optimism in the center-adjusted AUC for each combination and each outcome using a bootstrapping procedure with 1000 replications [25] . In each bootstrap sample we repeated the entire model selection process. We subtracted the average optimism across bootstrap datasets from the apparent center-adjusted AUC to estimate the center-adjusted and optimism-corrected AUC. Figure 1 describes the analysis in detail. Importantly, this approach addresses model selection bias, resubstitution bias, and potential bias due to center differences [26] . We emphasize that without optimism correction, estimated AUCs will tend to be overestimated due to both resubstitution bias (i.e., using the same data to develop and evaluate a combination) and model selection bias (i.e., using the data to select the model). By accounting for these sources of optimistic bias, we have a more realistic assessment of how the combinations may perform in independent data. This procedure does not supplant external validation. Rather, this is a form of internal validation where the full dataset is used to fit the combination and estimate its apparent performance, followed by bootstrapping to quantify the optimistic bias in the apparent performance. Confidence intervals (CIs) were estimated for the center-adjusted and optimismcorrected AUC by bootstrapping the BMA procedure and obtaining a 95% CI for the apparent center-adjusted AUC, and then shifting the confidence interval by the average optimism.
Our primary measure of model performance was the AUC, which measures how well a combination discriminates cases from controls. We acknowledge the limitations of the AUC and that it represents an incomplete assessment. Our goal was to propose combinations with high prognostic capacity and the potential to be developed into useful risk prediction models, and we were particularly concerned with avoiding common sources of bias in identifying prognostic combinations, including possible center differences [27] . The adjustment for center does not allow for individual predicted risks. Therefore, we do not assess model calibration in this work, as we do not propose risk prediction models. However, if these combinations are later developed into risk prediction models, an assessment of calibration will be required.
We considered several model diagnostics, including the posterior model probability of the selected combinations across bootstrap samples, the posterior variable probability of each predictor across bootstrap samples, the posterior variable probability of each predictor omitting each observation in turn, and the performance of the estimated selected combinations across bootstrap samples.
Exploratory analysis
In an exploratory analysis, we compared the performance of the BMA procedure to two common variable selection methods: forward selection and univariate selection. The following algorithm was used to compare the three methods. We randomly split the data into training and test datasets of equal size with equal numbers of sustained mild AKI cases. We then applied each First, we applied BMA and identified the maximum posterior model probability combination and the median probability combination. Second, we applied forward selection with a p-value threshold of 0.1. Third, we applied univariate selection, forming a combination of all variables with a p-value less than 0.1. All methods used centeradjustment. In each iteration we applied the resulting combinations to the test data and estimated the centeradjusted AUC for the combination using the test data only; thus, we performed internal validation whereby the training dataset was used for fitting while the test dataset was held out for evaluation. We repeated this procedure 1000 times, independently randomly splitting the data into training and test datasets each time. We calculated 95% intervals as the 2.5th and 97.5th percentiles of the AUC across these 1000 replications.
Secondary analysis
As a secondary analysis, we evaluated the association of the biomarker combinations identified by the BMA methods with death at 1 year and 3 years after surgery. For each biomarker combination and each time point (1 year and 3 years), we fit a logistic regression model with the fixed estimated biomarker combination, adjusting for center. We used the full dataset to estimate the odds ratio describing the association between the combination and death. We can consider the two estimated combinations, M 1 and M 2 , where M 1 has p variables (denoted by X), combined via the parameters β 1 , …, β 2 , and M 2 has q variables (denoted by Y), combined via the parameters α 1 , …, α q :
The odds ratio for the association between the combination and death was estimated by fitting two logistic regressions for each time point (1 year and 3 years):
where δ C 0 and θ C 0 are center-specific intercepts. All analyses were completed using R 3.1.2. The BMA package in R was used for the BMA analyses [28] . The R code for the primary analysis is provided in (Additional file 1: Item S1) and at https://github.com/ allisonmeisner/BMAbiomarkers. Table 2 characterizes the study population. There were 1219 patients in the full dataset, including 117 sustained mild AKI cases and 60 severe AKI cases (55 patients had both outcomes). Approximately 300 individuals were missing one or more candidate variable measurements and were excluded from the BMA analysis, leaving 899 observations, including 84 sustained mild AKI cases and 42 severe AKI cases (Fig. 1) . The prevalence of sustained mild AKI and severe AKI were similar among the individuals with and without missing data. Table 3 gives the results from the primary BMA analyses. The maximum posterior model probability combination included plasma N-terminal-pro-B-type natriuretic peptide (NT-proBNP), plasma heart-type fatty acid binding protein (h-FABP), and absolute change in serum creatinine from before to 0-6 h after surgery. The centeradjusted, optimism-corrected AUC for this combination was 0.80 (95% CI: 0.78, 0.87) for sustained mild AKI and 0.81 (0.76, 0.90) for severe AKI. The median probability combination model included plasma interleukin-6 (IL-6), plasma NT-proBNP, plasma h-FABP, and change in serum creatinine. The center-adjusted, optimism-corrected AUC for this combination was 0.81 (0.78, 0.87) for sustained mild AKI and 0.83 (0.76, 0.90) for severe AKI. Recall that these AUCs are estimated by first using the full dataset to fit the combinations and estimate their apparent performance, then applying the bootstrap to estimate the optimistic bias in this apparent performance. For comparison, the biomarker with the highest individual center-adjusted AUC for sustained mild AKI was change in serum creatinine; the center-adjusted AUC for this biomarker alone was 0.76, outside of the 95% CI for the two BMA combinations. The posterior model probability (a measure on the probability scale of the support for the model in the data) for the two combinations was 0.20. (Additional file 1: Figures S1 and S2) illustrate the distribution of the biomarker combinations. (Additional file 1: Figure  S3 ) includes the distributions of three biomarkers among sustained mild AKI controls, stratified by center. These distributions vary by center, providing evidence that center should be taken into account when interpreting the biomarkers. The posterior variable probabilities for each candidate predictors are given in Additional file 1: Table S1 .
Results
Primary analysis
The model diagnostics considered for BMA (Additional file 1: Figures S4-S7 ) indicated variability in the posterior model probabilities and posterior variable probabilities across bootstrap samples, as well as some potentially influential observations. Importantly, however, the AUCs of the estimated selected combinations were reasonably stable across bootstrap samples. Finally, in order to explore the impact of deleting observations with missing data, we compared the results of a multiple imputation analysis to the results of our complete-case analysis (Additional file 1: Item S2). We found similar results in terms of the combinations selected and the performance of the selected combinations. Abbreviations: AKI acute kidney injury, SD standard deviation, IQR interquartile range, eGFR estimated glomerular filtration rate, CABG coronary artery bypass graft, CPB cardiopulmonary bypass, IL-18 interleukin-18, NGAL neutrophil gelatinase-associated lipocalin, KIM-1 kidney injury molecule-1, L-FABP liver fatty acid-binding protein, BNP brain natriuretic peptide, IL-10 interleukin-10, IL-6 interleukin-6, NT-proBNP N-terminal-pro-B-type natriuretic peptide, TNI troponin I, TNTHS high-sensitivity troponin T, CKMB creatine kinase-MB, h-FABP heart-type fatty acid binding protein, MCP-1 monocyte chemoattractant protein-1, EGF epidermal growth factor, VEGF vascular endothelial growth factor 
Exploratory analysis
Discussion
We used BMA methods to develop two biomarker combinations with the potential to identify individuals at high risk of AKI after cardiac surgery. The combinations demonstrated good discriminatory performance as measured by the AUC, even after addressing several sources of bias common in the evaluation of risk prediction models [26] . Furthermore, the combinations performed well not only in identifying individuals at high risk of sustained mild AKI, for which they were constructed, but also the more commonly used outcome of severe AKI. Using the outcome of sustained mild AKI provided a larger sample size than severe AKI, and we believe it limited the number of controls misclassified as cases compared to transient mild AKI. We also provided evidence that the combinations developed to predict sustained mild AKI are associated with mortality. Prior to their adoption, these combinations must be validated externally. The three novel biomarkers included in the combinations identified in our analysis were plasma NT-proBNP, plasma IL-6, and plasma h-FABP, all of which were positively associated with sustained mild AKI in our data. Plasma NT-proBNP has been previously shown to be positively associated with mortality and cardiovascular disease in patients with stable coronary heart disease [29] , with AKI in critically ill patients [30] , and with AKI and AKI-associated mortality in patients with acute heart failure [31] . Likewise, plasma IL-6 has been shown to be positively associated with mortality in acute heart failure [32] and with AKI in patients with sepsis [33] . Plasma h-FABP has previously been shown to be positively associated with AKI in patients undergoing cardiac surgery [34] .
A limitation of this study is that we developed prognostic biomarker combinations, not risk prediction models. These combinations (if validated) can be used to identify high-risk participants, but, in their current form, they cannot be used to estimate risk of AKI. This is a consequence of accounting for center in our analysis in This study had several strengths, including its sample size, the number of biomarkers measured, and the use of rigorous statistical methods to assess performance. All statistical analyses were pre-specified, including prespecification of the summaries to be reported. Our analyses indicate that in these data, the BMA methods yielded combinations with prognostic capacity comparable to that achieved by forward and univariate selection but with smaller models. In other words, the BMA methods offered combinations with similar performance at reduced cost. Such parsimony may be desirable as using a smaller combination may be more affordable and practical. This was achieved without sacrificing computational efficiency: it took 3.2 s to apply BMA to our data using a personal Windows laptop. In addition, there is evidence in our data that the combinations identified by the BMA methods are associated with postoperative mortality. Further research is needed to determine whether these biomarker combinations can be used to identify individuals at high risk of death following cardiac surgery.
If these combinations are found to perform well in independent data, they could be used to enrich clinical trial enrollment, thereby increasing the likelihood of identifying new AKI therapies. For illustrative purposes, we present examples of this strategy, termed "prognostic enrichment" [35] , in Table 4 . For instance, if a researcher were interested in developing a treatment for severe AKI, he could use the biomarker combinations developed here to calculate a biomarker "score" for prospective trial participants (using each individual's biomarker values and the estimated coefficients for each biomarker) and enroll individuals above some threshold. If the 75th percentile of the median probability combination was used as a threshold, the sample size required to achieve 90% power (alpha = 0.05) for a treatment that decreases AKI risk by 30% could be reduced from nearly 8200 to 2286 (note that such a strategy would require screening four individuals to identify one eligible for the study).
Conclusions
Using BMA methods with data from a large, multicenter study, we have developed biomarker combinations and provided strong evidence that they are able to identify patients at high risk of AKI after cardiac surgery in our data. These combinations could be used in the development of treatments for AKI, potentially reducing the associated morbidity and mortality and improving longterm health after cardiac surgery.
Additional files
Additional file 1: Item S1. R code for the primary analysis. Figure S1 . Distribution of biomarker combinations in the largest center, stratified by sustained mild AKI case status (scaled). Figure S2 . Distribution of biomarker combinations in the largest center, stratified by sustained mild AKI case status. Figure S3 . Distribution of three biomarkers (log plasma NT-proBNP, change in sCr, and log plasma h-FABP) among controls (individuals without sustained mild AKI), stratified by center. Table S1 . Posterior variable probabilities for each candidate predictor. Figure S4 . Posterior model probability of the combinations selected by the BMA methods across the 1000 bootstrap samples. The first plot corresponds to the maximum posterior probability combination and the second plot corresponds to the median probability combination. "Truncated" means the combination was not considered by the BMA algorithm in that particular bootstrap sample; the truncated value is the minimum posterior model probability in that sample. "Index" indicates the bootstrap sample number. Figure S5 . Posterior variable probabilities for each of the candidate predictors across 1000 bootstrap samples. "Index" indicates the bootstrap sample number. Figure S6 . Posterior variable probabilities for each of the candidate predictors when each patient was left out in turn (only observations non-missing on all candidate predictors were included). "Index" indicates the (arbitrary) rank order of the patient in the analysis dataset. Figure S7 . Performance (in terms of the center-adjusted Abbreviations: AKI = acute kidney injury. We calculated sample sizes for a renopreventive treatment for 90% power, alpha = 0.05, and 30% reduction in AKI risk under treatment. A trial that enrolled only "high risk" patients would require fewer patients in the trial due to a higher event rate, while requiring that more patients be screened in order to identify eligible patients
